Bacteria control major nutrient cycles and directly influence plant, animal and human health. However, we know relatively little about the forces shaping their large-scale ecological ranges. Here, we reveal patterns in the distribution of individual bacterial taxa at multiple levels of phylogenetic resolution within and between Earth's major habitat types. Our analyses suggest that while macro-scale habitats structure bacterial distribution to some degree, abundant bacteria (i.e. detectable using 16S rRNA gene sequencing methods) are confined to single assemblages. Additionally, we show that the most cosmopolitan taxa are also the most abundant in individual assemblages. These results add to the growing body of data that support that the diversity of the overall bacterial metagenome is tremendous. The mechanisms governing microbial distribution remain poorly understood, but our analyses provide a framework with which to test the importance of macro-ecological environmental gradients, relative abundance, neutral processes and the ecological strategies of individual taxa in structuring microbial communities.
Introduction
Forces shaping the biogeography of macroorganismsincluding dispersal limitations, habitat differentiation, competition and adaptive radiation -have been a central focus of ecology for more than a century (Brown and Lomolino, 1998 ). Yet, while microorganisms are the most abundant and diverse organisms on Earth (Whitman et al., 1998) , relatively little is known about the patterns of, or controls over, microbial distribution within and between the planet's major habitat types. One common theory holds that the tremendous dispersal potential of microbes will lead to everything being everywhere (i.e. no dispersal limitations), with environmental selection determining which species are abundant (Martiny et al., 2006) . However, until recently, methodological limitations have prevented large-scale tests of ideas about where certain microorganisms exist, and why (Hugenholtz et al., 1998; Prosser et al., 2007) .
Over the last decades, however, molecular phylogenetic approaches have revolutionized microbiology, expanding our view of microbial diversity and our appreciation of the complexity of microbial communities (Hugenholtz et al., 1998) . While these techniques do not provide an exhaustive sampling of any but the simplest microbial assemblages, they do provide information on the dominant members of the community, allowing ecologically meaningful questions to be addressed about the distribution of these lineages. These methods have been used to reveal that some microorganisms exhibit distinct biogeographical patterns (Horner-Devine et al., 2004; Green and Bohannan, 2006; Martiny et al., 2006) , which appear to be controlled by differences in environmental variables in some cases (Horner-Devine et al., 2004) , and geographical distance in others (Cho and Tiedje, 2000; Whitaker et al., 2003) . Other work investigating overall community composition supports the role of environmental gradients in structuring both lake and soil bacterial assemblages (Fierer and Jackson, 2006; Van der Gucht et al., 2007) . Biotic interactions may also be important in determining microbial community composition; a recent study showed that microbial communities exhibit more segregation of taxa than would be predicted by chance, suggesting that competitive interactions and/or niche specialization may be important in structuring bacterial biogeography (Horner-Devine et al., 2007) .
To date, however, most studies of microbial biogeography have focused on a single habitat type or on a phylogenetically restricted set of taxa; thus, broader patterns in the distribution of microorganisms among Earth's major ecosystems remain poorly understood. Recently, Lozupone and Knight (2007) demonstrated that salinity is the primary driver of community-level phylogenetic differentiation among bacterial assemblages sampled from different habitat types. Yet, we know that many bacterial phyla are widely distributed across multiple habitats (Madigan et al., 2000) . Thus, to further investigate the role of macro-scale habitats in structuring the biogeographical patterns exhibited by individual bacterial taxa, we examined the distribution of taxa at multiple levels of phylogenetic resolution (98%, 95%, 92% and 89% 16S rRNA gene sequence identity), both within and across different habitat types. Here, we show that there is minimal taxon overlap between assemblages both within and between habitat types, and that the most abundant taxa are also the most widely distributed.
Results
We examined the distribution of 16S rRNA genes in a data set of clone libraries assembled from a variety of habitat types (Lozupone and Knight, 2007) and expanded upon (Table S1 ). Operational taxonomic units (OTUs) were selected at four different levels of sequence identity: 98%, 95%, 92% and 89% and the collection of OTUs present in a given sample was considered an individual assemblage. Although there is controversy about the amount of sequence differentiation that constitutes a particular taxonomic ranking, there is some consensus that these levels of divergence are less than those required to differentiate phyla (Hugenholtz et al., 1998; Dojka et al., 2000) and have been used to correspond roughly to species, genus, family and order respectively (Stackebrandt and Goebel, 1994; Schloss and Handelsman, 2004) .
We first examined the distribution of OTUs across all 238 assemblages examined. At the species level of sequence identity, more than 85% of all OTUs were not detected in more than one assemblage and no single OTU was observed in more than 12% of assemblages (Fig. 1A) . At higher levels of sequence divergence, more OTUs were widespread; for example, at the order level of identity, 35% of OTUs were found in two or more assemblages. However, at all levels of phylogenetic resolution, distribution patterns featured a similar pattern with the majority of OTUs found in no more than one assemblage and small numbers of OTUs that were more highly distributed. All OTUs that were detected in greater than 20% of assemblages belonged to the Proteobacteria, specifically the a-, b-and g-proteobacteria. Although 'unclassifiable' OTUs comprised 10% of the original data set (Fig. 1B) , no single unclassifiable OTU was observed in more than 6% of all assemblages for any OTU definition.
To examine how much of this limited distribution was driven by environment type, we explored patterns of occurrence across the 14 different habitats. At the species level, 97% of OTUs were found in no more than one habitat type and no single OTU was detected in more than six habitats (Fig. 2) . Although less pronounced, these patterns were also discernible at lower levels of phylogenetic resolution, with 92%, 88% and 84% of genus-, family-and order-level OTUs, respectively, detected in no more than a single habitat type. OTUs detected in more than five habitat types were related to the Comamonadaceae, Pseudomonadaceae, Aeromonas, Staphylococcus and Propionibacterium (Table 1) . We performed PERMANOVAs Fig. 1 . A. The number of OTUs that were found in different proportions of assemblages within our clone library data set (Table S1 ), which contains 28 115 sequences and 238 assemblages. At all OTU definitions, the vast majority of lineages were observed in only a single assemblage. B. The relative abundance of different phyla within the clone library data set. Phyla that represent at least 2% of all sequences are labelled. (Anderson, 2001) to test the hypothesis that habitat types structure the distribution of bacteria. This is an analysis of variance test that uses permutation to examine the significance of factors (in this case, habitat types) in partitioning variation within multivariate data sets (in this case, an assemblage by OTU presence-absence matrix). These analyses revealed that, while most variation in assemblage composition was accounted for within habitat types (83-95%), there was a significant amount (5-17%) of variation between different habitat types (P < 0.001).
The distribution of OTUs across assemblages was then examined within the six habitat types for which we had the most samples: soil, lakewater, freshwater sediment, seawater, marine sediment and insect-associated assemblages. Again, distribution was assayed at four different OTU cut-offs. At all levels of phylogenetic resolution, all habitat types revealed a distribution pattern featuring a few widely dispersed lineages and many more confined lineages (Fig. 3) .
We also examined OTU distribution across two pyrosequencing-based soils data sets including an intercontinental analysis of 88 samples ) and a study of 27 samples from within a single hectare of tropical rainforest. The advantage of examining both of these data sets separately is that we can look for similarities and differences in patterns of distribution that exist over both large (inter-continental) and small (intrahectare) scales. Although we did not examine multiple OTU definitions for the short sequences generated via pyrosequencing because of known inconsistencies (Elshahed et al., 2008) , both of these data sets contained more than 1000 16S rRNA gene sequences per soil, and thus are much better sampled than the clone library data. Another advantage of the pyrosequencing studies is that it is possible to consider the relationship between relative abundance and distribution patterns, which is impossible for the compiled data set because of irregularities in analysing and reporting abundance between studies (Lozupone and Knight, 2007) .
The distribution of OTUs within the pyrosequencing data sets shows the same basic pattern as was seen in the clone library data (Fig. 4) . For the large-scale data set, 75% of OTUs were not found in more than one soil while 68% from the smaller-scale tropical forest site were detected in a single soil sample. The top four most widely distributed OTUs from the largescale data set were detected in between 70% and 88% of soils, and were all related to the Bradyrhizobiales. Three OTUs related to the a-proteobacteria and one OTU related to the d-proteobacteria were detected in all of the tropical forest soils.
For each OTU, we plotted its total abundance across all assemblages against the number of assemblages in which it was detected, revealing a significant, positive relationship (Fig. 5A ). We also plotted the average of the Table shows the OTU identifier (OTU #), the number of habitat types it was detected in, and its classification. Note that our classification system did not allow all OTUs to be identified at the same level of phylogenetic resolution; some were resolved to the genus level while others were resolved to the family level.
relative abundance of each OTU across all assemblages against its distribution, which did not change the shape of the function (data not shown). The top 10 most abundant OTUs from each sample were found in an average of 28% of assemblages (versus 2% for all OTUs) for the largescale data set. For the tropical forest data set, the top 10 most abundant OTUs from each sample were found in an average of 69% of soils (versus 8% for all OTUs). Interestingly, the high abundance values for the overall top 10 OTUs in each data set were not driven by a few assemblages with high proportions of these sequences. Rather, they reflect moderate abundances (relative to the total abundance of that OTU within the data set) across many samples (Fig. 5B ).
Discussion
Our results support that, for the most abundant organisms from these assemblages, macro-scale habitats structure bacterial distribution (Fig. 2) . Indeed, as has been shown in other work (Tanner et al., 1998) close relatives of the eight OTUs that were detected in five or more habitat types (Table 1) are among the most abundant organisms found on human skin (e.g. Staphylococcus, Propionibacterium) or have been found in low-organic matter water supplies (e.g. Comamonadaceae, Pseudomonadaceae, Aeromonas) (Burtscher et al., 2009; Costello et al., 2009) , suggesting that these 'widely distributed' bacteria actually may be contaminants introduced during sample processing or PCR amplification.
Other studies have shown that habitat types harbour different overall communities of bacteria (Lozupone and Knight, 2007) and archaea (Auguet et al., 2010) , but have not determined if habitat type also shapes the distribution of individual microbial taxa. For example, one possible explanation for the difference in community composition between habitat types may be that bacteria are widespread across multiple habitat types, but that different habitat types support different combinations of organisms. Our data support that, for the most part, abundant (i.e. Fig. 3 . The rank in distribution plotted against the per cent of assemblages each OTU was found in for (A) soils (n = 49), (B) lakewater (n = 21), (C) freshwater sediments (n = 15), (D) seawater (n = 40), (E) saline sediments (n = 36) and (F) insect-associated samples (n = 15) for the clone library data. Those OTUs that were most widely dispersed within habitat types are indicated. Within habitat types, some OTUs were widely distributed among assemblages while the majority were limited to only a few assemblages. detectable using 16S rRNA gene sequencing methods) bacteria are confined to specific environments and that a significant fraction of the variation in the distribution of bacteria is related to habitat type.
Although macro-scale habitats do structure bacterial distribution, our results also suggest that, within a habitat type, most bacterial taxa are still restricted to a relatively small number of assemblages (Figs 1, 3 and 4) and that there is a positive relationship between the relative abundance of an organism and its distribution across assemblages (Fig. 5) . We discuss the implications of these observations below.
Most bacteria are confined to one assemblage
We found that between 65% and 85% of OTUs at all levels of sequence identity examined were present in only a single assemblage (Fig. 1) . This pattern of limited distribution has also been observed between assemblages within individual habitat types (e.g. Figs 4 and 5), including coastal waters (Pommier et al., 2007) and soils (Noguez et al., 2005; Fulthorpe et al., 2008) , but has not been documented across habitats. For example, Fulthorpe and colleagues (2008) examined four soils from different sites in North and South America using pyrosequencing of SSU rRNA genes (Roesch et al., 2007) . They generated between~26 000 and 53 000 gene sequences per soil and showed that, at the 97% identity cut-off, 74% of OTUs were confined to a single assemblage. Likewise, in the Lauber and colleagues (2009) study 75% of sequences at the 97% OTU cut-off were detected in only a single sample (Fig. 5) .
Other studies have used more sensitive methods to support endemism among particular groups of micro- Fig. 4 . The rank in distribution plotted against the per cent of assemblages each OTU was found in for (A) the inter-continental soils data set (n = 88) and (B) the tropical forest (intra-hectare) soils data set (n = 27).
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Global bacterial biogeography 5 organisms. For example, Cho and Tiedje (2000) isolated fluorescent pseudomonads from 10 sites on four continents. Using a method for genomic fingerprinting, they revealed no overlap in genotypes between sites or between continents. Likewise, Wawrik and colleagues (2007) used tRFLPs to examine 16S rRNA and type II polyketide synthase genes of actinomycetes from soils collected in New Jersey and Asia and showed that fewer than 1% of phylotypes were found in more than 50% of soils that they examined. Geographical isolation has also been demonstrated for archaea in hot springs (Whitaker et al., 2003) and b-proteobacteria in sediments (HornerDevine et al., 2004) . Thus, several studies using a variety of methods support microbial endemism over a range of environments.
Although sampling limitations constrain our ability to conclude that the distribution patterns that we observed reflect microbial endemism, we can say that abundant bacteria exhibit a pattern of distribution both within (Figs 3 and 4) and between habitat types (Fig. 1A) , with most organisms being found in no more than one assemblage. It is widely recognized that, within individual assemblages, few taxa are abundant and most taxa are rare (Curtis et al., 2002) . Here we identify a similar pattern across assemblages: relatively few taxa are cosmopolitan and the vast majority are restricted to individual assemblages. That said, we caution that improved sequencing technology may alter these interpretations in the future. Indeed, Preston's 'Veil Line' concept suggests that many organisms exhibit a normal distribution pattern which can be obscured by undersampling (Preston, 1948) . He suggests that many organisms with so-called rare distribution patterns will reveal a more intermediate distribution in exhaustively sampled assemblages.
Abundant bacteria are more widely distributed
We observed that, across soil assemblages, abundant organisms were more likely to be widely distributed (Fig. 5) . This pattern was observed at two very different spatial scales: within a single hectare of rainforest soil and within a variety of soils sampled across two continents. A positive relationship between abundance and distribution among soil bacteria is also apparent in an examination of the pyrosequencing data from the Fulthorpe and colleagues (2008) study: 50% of the top 10 most abundant organisms were found in more than one of the four soils that they analysed. Likewise, Pommier and colleagues (2007) discovered a positive relationship between OTU abundance and distribution across coastal seawater samples. Spain and colleagues (2009) reported a similar pattern in the analysis of their large 16S rRNA gene clone library data set from a grassland soil: they observed that the most abundant orders of Proteobacteria were more highly distributed among other environments. Sloan and colleagues (2006) also described a positive relationship between abundance in distribution in sewage treatment facilities, estuaries, lakewater and microbiome samples. data set. Here, we plotted the total abundance (within the entire data set) of each OTU against its distribution. However, we also examined the relationship between the average of the relative abundance of each OTU within all assemblages against its distribution, which yielded similar results (data not shown). B. Heatmaps of the top 10 most abundant OTUs for each study (tropical forest soils = top, intercontinental soils = bottom) showing the abundance of each OTU in each assemblage relative to its total abundance across the data set. Each column represents a different assemblage; each row represents a different OTU; the colour of the cells represents the relative abundance of that OTU within specific assemblages.
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As mentioned above, it is difficult to discern a particular organism's relative abundance from our compiled clone library data set because of inconsistent reporting and screening methods. However, it is noteworthy that many taxa that are cosmopolitan within habitat types (Fig. 3) have been identified as abundant members of their respective environments in other studies (Janssen, 2006; Newton et al., 2007; Rusch et al., 2007) . This may be a general feature of all of life, as the positive correlation between the distribution and abundance of macroorganisms has been well documented (Brown, 1984) . For macroorganisms, distribution varies in geographical scale by more than 12 orders of magnitude, and as techniques to sample microbial communities improve, it will permit us to assess if microbial distribution patterns exhibit a similar level of variation.
What could cause the positive relationship between abundance and distribution? We propose three, nonmutually exclusive possibilities. First, it could simply reflect the fact that these organisms are easier to detect within our current sampling limitations. Another possibility is that higher local population sizes enable wider dispersal potentials. A prevailing hypothesis for microbial biogeography states that population sizes are extremely large and thus dispersal is not limited (Fenchel and Finlay, 2004) . However, not all organisms are abundant within a community; in fact, most organisms are rare (Sogin et al., 2006; Ashby et al., 2007) . Thus, the larger population sizes of the most abundant organisms may facilitate their dispersal and help drive the positive relationship between abundance and distribution. Indeed, some calculations suggest that very rare soil organisms may be present at densities of one cell per 27 km 2 (Curtis et al., 2002) , which would undoubtedly limit their distribution potential. Sloan and colleagues (2006) described a near-neutral model for microbial community assembly, in which the distribution of taxa is largely determined by immigration and chance. Random assembly processes would lead to a positive relationship between distribution and relative abundance (Sloan et al., 2006) and may partially explain the withinhabitat distribution patterns observed here. Finally, the relationship between abundance and distribution may reflect a positive relationship between regional and global distributions, a pattern that has been shown for macroorganisms (reviewed in Prinzing et al., 2004) . Because the way that we sample microorganisms (e.g. 1 g of soil) is far too coarse to permit the examination of single communities, we are actually examining the composition of many communities within a single assemblage (Grundmann, 2004) . Indeed, high 'regional' distribution patterns may cause high abundance values within a sampled assemblage, thus the lognormal-shaped species abundance curves observed within a single community (Curtis et al., 2002) may actually reflect the same phenomena as the distribution patterns that we observed between assemblages (Figs 1-4) .
Conclusion
We emphasize that our results apply to the most abundant organisms that are detected by contemporary sequencing technology. New technological advances are on the horizon, and it is unknown how the patterns that we observed may change when more assemblages can be completely sampled and analysed. Additionally, methods to assay the entire genomic complement of individual assemblages will become easier in the near future, enabling the analysis of 'functional biogeography' (Green et al., 2008) to better understand the process-level implications of the observed patterns of bacterial distribution.
Despite these caveats, our results suggest that while macro-scale environmental factors structure the ecological distribution of bacterial taxa, most bacteria demonstrate a limited distribution within habitat types. We also show a positive relationship between the abundance and distribution of soil bacteria within habitat types. Given the high degree of genetic differentiation between even very closely related lineages of bacteria living in close proximity (Thompson et al., 2005) , our results add to the growing body of data that support that the diversity of the overall bacterial metagenome is enormous. The mechanisms governing microbial distribution remain poorly known, but our analyses provide a framework with which to test the importance of macro-ecological environmental gradients, relative abundance, the ecological strategies of individual taxa and neutral processes in structuring microbial communities.
Experimental procedures

Data sets
To examine the distribution of different bacterial taxa within and between different habitat types, we expanded upon the 16S rRNA gene clone library data set compiled by Lozupone and Knight (2007) so that it now includes 28 115 16S rRNA sequences, derived from 238 samples taken across 14 different habitat types (Table S1 ). This data set was assembled from studies examining the microbial communities of natural environments using 16S rRNA gene cloning and sequencing targeted towards all bacteria. Specifically, sequences were identified from the ENV database of GenBank, reference information was extracted for each record, the sequences that had the same title were grouped, and studies that were associated with the most sequences were selected. Since a single study can report sequences from different assemblages and different habitat types, the sequences were divided into assemblages and habitat types using annotations from the associated publications. Here, habitat types were defined at the macroscale and ranged from soil and Global bacterial biogeography 7 seawater to insect and sponge-associated assemblages (Table S1 ). These clone libraries contained an average of 118 16S rRNA gene sequences per assemblage with a minimum of 20 and a maximum of 836 sequences.
Next, to determine the distribution of bacteria between relatively well-sampled assemblages within soils as well as to examine the relationship between relative abundance and distribution, we examined two pyrosequencinggenerated 16S rRNA gene data sets from soils. The first was taken from Lauber and colleagues (2009) and featured nucleotides 27-338 (Escherichia coli numbering) of the 16S rRNA gene (regions V1 and V2). In this study, 88 different soils from across North and South America that were first described by Fierer and Jackson (2006) were analysed. An average of 1501 classifiable sequences per soil was obtained with a maximum of 2167 and a minimum of 1047 sequences. In addition, we introduce a new pyrosequencing-based data set of 16S rRNA genes from 27 soil samples obtained from within a single hectare of lowland tropical rainforest soil from the Osa Peninsula in Costa Rica [see Cleveland and Townsend (2006) for site description]. Samples were taken from litter removal, litter augmentation, and precipitation exclusion manipulations as well as from control plots (Wieder et al., 2009) . Control plots were sampled in April, June and October of 2008, while plots subjected to experimental manipulations were sampled in June and October of 2008. For each treatment at each time point, three replicate plots were obtained for a total of 27 soil samples. For each plot, the top 5 cm of soil was aseptically collected and DNA was extracted using PowerSoil DNA Isolation kits (MO BIO, Carlsbad, CA, USA). Error-corrected bar-coded pyrosequencing was performed as described by Fierer and colleagues (2008) with the sequencing performed at the Environmental Genomics Core Facility at the University of South Carolina on a Roche FLX 454 pyrosequencing machine. Data were processed as described by Fierer and colleagues (2008) and Hamady and colleagues (2008) with an average of 1384 sequences obtained per soil (range of 1087-2030).
Data analysis
Taxonomy was assigned to clone library sequences using BLAST with a minimum e-value cut-off of 1e -12
, minimum identity of 88%, and a word size of 38 against the Greengenes database and the Hugenholtz taxonomic nomenclature (DeSantis et al., 2006) . For the pyrosequencing data, sequences were removed from the analysis if they were < 200 or > 400 nt, had a quality score < 25, contained ambiguous characters, contained an uncorrectable barcode, or did not contain the primer sequence. For the clone library data set, OTUs were selected at four different levels of minimum sequence identity: 98%, 95%, 92% and 89% using cd-hit (Li and Godzik, 2006) . The total number of OTUs at each level of phylogenetic resolution was 14 627 (98%), 9479 (95%), 6348 (92%) and 4383 (89%). For the pyrosequencing data sets we only classified OTUs at the 97% similarity level because of difficulties with consistency when examining shorter pyrosequenced fragments at different levels of phylogenetic resolution as compared with full-length 16S rRNA genes (Elshahed et al., 2008) . For the Lauber and colleagues (2009) data set, 50 891 OTUs were examined while 10 374 OTUs were obtained from the tropical forest data set.
For each data set (clone library data and both of the pyrosequencing data sets) an assemblage by OTU presence-absence matrix was created. For the pyrosequencing data sets, matrices containing the relative sequence abundances of different OTUs in different assemblages were also created. Distribution analysis within and between assemblages and habitats was performed in Microsoft Excel and in MySQL using phpMyAdmin as a graphical user interface. We then tested the significance of macro-scale habitat in structuring the presence/absence of bacteria at all levels of phylogenetic resolution in the clone library data using PERMANOVA analyses in PRIMER v6 (Anderson, 2001) .
